Total Column Water Vapor (TCWV) is important for the weather and climate. TCWV is 9 derived from the OMI visible spectra using the Version 4 retrieval algorithm developed at the 10 Smithsonian Astrophysical Observatory. The algorithm uses a retrieval window between 432.0 11 and 466.5 nm and includes various updates. The retrieval window optimization results from the 12 trade-offs among competing factors. The OMI product is characterized by comparing against 13 commonly used reference datasets -GPS network data over land and SSMIS data over the 14 oceans. We examine how cloud fraction and cloud top pressure affect the comparisons. The 15 results lead us to recommend filtering OMI data with cloud fraction < 5 -15% and cloud top 16 pressure > 750 mb or stricter criteria, in addition to the main data quality, fitting RMS and 17 TCWV range check. The mean of OMI-GPS is 0.85 mm with a standard deviation (σ) of 5.2 18 mm. Smaller differences between OMI and GPS (0.2 mm) occur when TCWV is within 10 -20 19 mm. The bias is much smaller than the previous version. The mean of OMI-SSMIS is 1.2 -1.9 20 mm (σ = 6.5 -6.8 mm), with better agreement for January than for July. Smaller differences 21 between OMI and SSMIS (0.3 -1.6 mm) occur when TCWV is within 10 -30 mm. However, 22 the relative difference between OMI and the reference datasets is large when TCWV is less than 23 10 mm. As test applications of the Version 4 OMI TCWV over a range of spatial and temporal 24 scales, we find prominent signals of the patterns associated with El Niño and La Niña, the high 25 humidity associated with a corn sweat event and the strong moisture band of an Atmospheric 26 River (AR). A data assimilation experiment demonstrates that the OMI data can help improve 27 WRF's skill at simulating the structure and intensity of the AR and the precipitation at the AR 28 landfall. 29
Introduction 30
Water vapor is of profound importance for weather and climate. Through condensation, it 31 forms clouds that modify albedo, affect radiation and interact with particulate matter. In addition, 32 latent heat released from water vapor condensation can influence atmospheric energy budget and 33 circulation. Water vapor is the most abundant greenhouse gas, accounting for ~50% of the 34 greenhouse effect (Schmidt et al., 2010) . Thus, monitoring the spatial and temporal distributions 35 of water vapor is crucial for understanding water-vapor related processes. 36 Water vapor has been measured using a variety of in-situ and remote sensing techniques from 37 the surface, air and space. Satellite data provide global perspective and are indispensable for 38 constraining reanalysis products (Dee et conditions, but are best suited for non-precipitating ice-free oceans due to the complications 44 associated with land surface emissivity; NIR data are best suited for the land, as the surface 45 albedo is low over the oceans; IR data are available over all surface types, but are strongly 46 influenced by clouds and less sensitive to the planetary boundary layer; visible data are sensitive 47 to the boundary layer over both land and the oceans, but are complicated by uncertainties in 48 clouds and aerosols (Wagner et al., 2013) . 49
Total Column Water Vapor (TCWV, also called Integrated Water Vapor -IWV, or 50
Precipitable Water Vapor -PWV) can be retrieved from the 7ν water vapor vibrational polyad 51 (around 442 nm) despite the band's weak absorption (Wagner et al., 2013) . This made it possible 52 to derive TCWV from instruments measuring in the blue wavelength range. Since water vapor is 53 a weak absorber here, saturation of spectral lines is not of concern (Noël et al., 1999) . Moreover, 54 the similarity between the land and ocean surface albedo in the blue wavelength range suggests a 55 roughly uniform sensitivity of the measurement over the globe (Wagner et al., 2013) . However, 56
weaker absorption tends to result in larger relative uncertainties, especially for low TCWV 57 amount. As an example, for the Version 4 retrieval investigated in this paper, when TCWV is 58 
8.7×10
-4 , and is smaller toward the lower right corner of the domain. Figure 1b shows that the 125 medium fitting uncertainty of water vapor SCD varies between 4.8 mm and 5.9 mm, and 126 decreases toward the upper left corner. Figure 1c shows that the fraction of valid retrievals for 127 the orbit varies between 0.59 and 0.78, and generally increases toward the upper part of the 128 domain. Valid retrievals here refer to those that pass the main data quality check (MDQFL = 0) 129 and have positive SCDs. The main data quality check ensures that the fitting has converged, the 130 SCD is < 5×10 23 molecules/cm 2 and within 2σ of the fitting uncertainty. Figure 1d shows that the 131 length of the retrieval window varies between 25.0 nm and 42.5 nm, and increases toward the 132 upper left corner of the domain. 133
Ideally, we would like to have small fitting RMS to reduce the residual, a small fitting 134 uncertainty to reduce error, a large fraction of valid data to increase data volume and a long 135 retrieval window to include more information into the fitting. However, these criteria cannot be 136 met simultaneously. As a compromise, we select the wavelength interval between 432.0 nm and 137 466.5 nm as the retrieval window for Version 4. This leads to a median RMS of 8.1×10
-4 , a 138 median uncertainty of 5.4 mm, a valid fraction of 0.75 and a window length of 34.5 nm. 139 Figure 2 shows that the median SCD varies between 34.6 mm and 37.6 mm (a 3 mm 140 difference corresponding to ~8% variation) and has a complex pattern within the domain. The 141 Version 4 retrieval window (432.0 -466.5 nm) leads to a median SCD = 35.5 mm which is near 142 the beginning of the middle third of the SCD range. As will be shown in Section 3, the variation 143 of SCD in Figure 2 is quite large compared with the mean differences between OMI TCWV and 144 reference datasets. 145 
Validation 164
To validate the Version 4 OMI TCWV data, we compare them against two commonly used 165 reference datasets -a GPS network dataset for land and a microwave dataset for the oceans. To co-locate GPS and OMI data, we select the GPS data observed between 1100 LT and 180
1600LT. This local time range covers the OMI overpass time around 1330 LT. We average the 181 qualified OMI data within 0.25° longitude × 0.25° latitude of the GPS station for each day. To 182 minimize the influence of local topography (e.g., mountain peaks, river valleys), if a station's 183 elevation is more than 500 m different than the mean elevation within the corresponding 184 0.25°×0.25° grid square, then it is excluded from the analysis. We consider the OMI and GPS 185 data that are less than 75 mm. The co-locating procedure leads to 11, 595 derived by the Remote Sensing Systems using their Version 7 algorithm (www.remss.com) and 285 have a retrieval accuracy of better than 1 mm (Wentz, 1997; Mears et al., 2015) . In this paper, 286
we use the daily 0.25°×0.25° SSMIS data for January and July 2006 and filter out the pixels 287 affected by rain and cloud liquid water. Diedrich et al. (2016) found that the diurnal cycle in 288 TCWV is generally within 1% to 5% of the daily mean, with a minimum between 0600 LT and 289 1000 LT and a maximum between 1600 LT and 2000 LT, though larger diurnal cycle exist for 290 Atmos oceans, we recommend using cloud fraction threshold f in the 0.05 -0.15 range, in combination 338 with the other usual data filtering criteria. 339 Lowering the value for cloud top pressure threshold also leads to larger OMI TCWV and 343 therefore larger bias and scatter. For example, when cloud fraction < f = 0.05 and cloud top 344 pressure > 300 mb are used to filter OMI data for July 2006, the mean and standard deviation of 345 OMI-SSMIS become 2.6 mm and 7.5 mm, respectively. These values are approximately between 346 those for f = 0.15 and f = 0.25 when cloud top pressure > 750 mb is used (Table 3) , and they are 347 larger than those shown in Figure 6 . Relaxing the filtering criteria for both cloud fraction and 348 cloud top pressure will lead to larger bias and scatter, and is therefore not recommended. As an 349 example, for cloud fraction < 0.15 and cloud top pressure > 300 mb, the mean (standard 350 deviation) of OMI-GPS increases to 3.9 mm (7.9 mm) for July 2006. 351
Application 352

El Niño / La Niña 353
In Figure 7 TCWV to the quality of the simulation, we did not nudge the run towards the reanalysis, nor 485 assimilate the observed sea surface temperature within the computational domains. 486
Atmospheric River (AR) 427
The OMI TCWV is assimilated into the model using analytical optimal estimation (Rodgers, 487 2000) . This method minimizes the cost function ( ) = ( − ) −1 ( − ) + 488 Version 4 OMI TCWV is characterized under difference cloud conditions. Under "clear sky" 547 condition (cloud fraction < 5% and cloud top pressure > 750 mb), the mean of OMI-GPS over 548 land is 0.85 mm with a standard deviation of 5.2 mm, and the best agreement (mean difference = 549 0.2 mm) occurs when TCWV is between 10 mm and 20 mm; the mean of OMI-SSMIS over the 550 oceans is 1.2 -1.9 mm with a standard deviation of 6.5 -6.8 mm, and the best agreement (mean 551 difference = 0.3 -1.5 mm) occurs when TCWV is between 20 mm and 30 mm. The correlation 552 coefficient between OMI TCWV and the reference datasets realizes the largest gain when the 553 cloud fraction threshold is increased from 5% to 15%, but the bias and standard deviation also 554 become larger. Larger cloud fraction thresholds lead to larger biases and scatters without 555 improving the correlation coefficients. Thus, we recommend filtering OMI data with cloud 556 fraction < 5% to 15% and cloud top pressure > 750 mb, in addition to main data quality flag = 0 557 and fitting RMS < 0.005. Relaxing the cloud top pressure threshold (e.g., from p > 750 mb to p > 558 300 mb) has a similar effect as relaxing the cloud fraction threshold (e.g., from f < 5% to f < 559 15%). 560
As example applications of the Version 4 OMI TCWV data across a variety of temporal and 561 spatial scales, this paper examines the climate pattern associated with El Niño / La Niña, the 562 We thank NASA's ACMAP program (Grant NNX17AH47G) for support. 594
